Abstract-In this study, we aimed to improve the performance of a locomotion-mode-recognition system based on neuromuscularmechanical fusion by introducing additional information about the walking environment. Linear-discriminant-analysis-based classifiers were first designed to identify a lower limb prosthesis user's locomotion mode based on electromyographic signals recorded from residual leg muscles and ground reaction forces measured from the prosthetic pylon. Nine transfemoral amputees who wore a passive hydraulic knee or powered prosthetic knee participated in this study. Information about the walking terrain was simulated and modeled as prior probability based on the principle of maximum entropy and integrated into the discriminant functions of the classifier. When the correct prior knowledge of walking terrain was simulated, the classification accuracy for each locomotion mode significantly increased and no task transitions were missed. In addition, simulated incorrect prior knowledge did not significantly reduce system performance, indicating that our design is robust against noisy and imperfect prior information. Furthermore, these observations were independent of the type of prosthesis applied. The promising results in this study may assist the further development of an environment-aware adaptive system for locomotionmode recognition for powered lower limb prostheses or orthoses.
on patients with incomplete spinal cord injuries or stroke to improve their mobility in therapeutic training or daily life. Recently, powered prosthetic legs have emerged [1] , [5] , [6] , [10] , offering lower limb amputees the ability to perform activities that are difficult or impossible with passive devices. These advanced robotic legs show great promise to improve the quality of life of patients with movement disabilities.
One key for the successful design of powered lower limb devices is intent recognition. This is because these devices are not stand-alone robots, but wearable corobots that must coordinate with user intent. For example, the user must "tell" a prosthesis the intended leg motion for the next step, so that the prosthesis can assist in switching task modes smoothly. In current powered devices, manual interfaces-such as control buttons-are used to switch modes. However, these approaches are cumbersome. Advanced interface technologies are needed to bridge the communication gap between the user and the device for seamless integration. One existing approach is to use biomechanical measurements for mode recognition [2] , [3] , [9] , [11] . This method has been successfully used to recognize gait initiation/termination and transitions between sitting and standing for lower limb prosthesis or orthosis control. However, successful identification of transitions between locomotion modes (e.g., level-ground walking and stair ascent/descent) based on mechanical measurements has not been reported. Another approach is to interface powered lower limb robots with the human neuromuscular system via electromyographic (EMG) signal recording [1] , [12] [13] [14] [15] . EMG-based interfaces have yielded promising accuracy for recognizing the user's intended tasks, including various locomotion modes. Our research group further improved the performance of a locomotion-mode-recognition system for powered prosthetic legs by fusing EMG signals and mechanical measurements together [16] . A preliminary evaluation showed that this interface outperformed systems based on EMG signals or mechanical recordings alone. Although the results of the study were promising, the practical application of our interface was challenged by three types of errors: 1) unstable decisions during mode transitions, 2) delayed decisions during mode transitions, and 3) false mode transitions during static states.
The introduction of additional information about the walking environment has the potential to further reduce error in the previously designed interface. This concept is inspired by the locomotion control mechanism of biological systems: humans and animals rely on the visual system to obtain information about the environment and use this information to guide limb movement and adapt to different terrains [17] [18] [19] . If the locomotion-mode-recognition interface also uses visual sensors TABLE I  SUMMARY OF DEMOGRAPHIC INFORMATION FOR NINE SUBJECTS WITH TRANSFEMORAL AMPUTATIONS (TF01-TF09) to "know" the type of terrain ahead of the user, this information will precede modulation of the walking pattern (as reflected in EMG signals and biomechanics) and could potentially reinforce decision-making for accurate and responsive locomotion-mode recognition.
To implement this intriguing concept for improved locomotion-mode recognition, it is essential to design three components: 1) terrain recognition, 2) modeling of prior knowledge of walking environment, and 3) integration of prior knowledge into the mode-recognition system. Terrain recognition based on multiple remote sensors has been studied theoretically and applied in different practical fields [20] [21] [22] [23] [24] . Among these technologies, the laser-based sensors have been widely used for terrain recognition in mobile robot [23] , autonomous car navigation [24] , and aircraft orientation systems [22] . Moreover, our research group designed a wearable terrain recognition system [10] based on a laser distance sensor and an inertial measurement unit (IMU) to compute the geometry of the terrain in front of the user while walking. The preliminary system testing showed high accuracy for identifying the level ground, stairs, and ramps one or two step ahead of the user in a lab environment. Therefore, in this study, we aimed to focus on the design of the latter two components and evaluate the effects of additional environmental information on our previously developed locomotion-mode-recognition system. The results of this study can assist the further development of an environment-aware adaptive system for locomotion-mode recognition for powered lower limb prostheses or orthoses.
II. METHODS

A. Participants and Data Collection
This study was approved by the Institutional Review Board (IRB). Nine subjects with unilateral TF amputations (TF01-TF09) were recruited (see Table I ). Informed consent was obtained from each individual subject before any experimental activities.
Since the designed algorithm in this study searched the patterns of EMG signals, recording isolated activity from individual thigh muscles was not necessary, but extracting neuromuscular control information for all the motions in hip and knee joints was desired. In this study, we tried to capture the muscle activity from sartorius (SAR), rectus femoris (RF), vastus lateralis (VL), vastus medialis (VM), gracilis (GRA), biceps femoris long head (BFL), semitendinosus (SEM), biceps femoris short head (BFS), and adductor magnus (ADM). For TF01-05, two gluteal muscles (gluteus maximus and gluteus medius) on the amputated side were also monitored. Note that the locations for EMG electrode placements were approximated because EMG crosstalks would not affect our designed algorithm. First, based on the muscles anatomic locations and palpation, the electrode placement locations were identified. Due to differences in residual limb lengths among subjects, the number of monitored muscles varied from 7 to 9. Then, these locations were confirmed by the EMG recordings when the subjects were instructed to perform hip motions and attempt knee flexion/extension. If an electrode measured little or no EMG signal during the testing, this electrode was either removed or replaced on a nearby location with repeated testing. When sometimes targeted distal muscles were hard to identify, the amputees were asked to attempt knee flexion/extension. The electrodes were placed at the distal limb where sufficient signals can be recorded and were generally labeled as distal anterior/posterior thigh muscles. Once the locations for EMG electrode placement were determined, the bipolar EMG electrodes were embedded in a gel liner for reliable skin-electrode contact. A ground electrode was placed at the anterior iliac spine. A 16-channel EMG system (Motion Lab System, Baton Rouge, LA) was used to collect surface EMG signals. Raw EMG signals were filtered between 20 and 420 Hz with a bandpass gain of 1000. Mechanical ground reaction forces and moments were measured by a six-degreeof-freedom (DOF) load cell (Bertec Corporation, Columbus, OH) mounted on the prosthetic pylon. EMG signals and mechanical loads were sampled at 1000 Hz and synchronized. All experimental sessions were videotaped for later evaluation.
B. Experimental Protocol
Experiments were first conducted on TF01-09 when they wore a passive hydraulic knee, which allowed enough space to integrate the six-DOF load cell. The subjects using microprocessor controlled prostheses in daily life (TF04-09) had prior experiences with passive hydraulic knee either through clinics or training in our previous studies; therefore, they adapted to the experimental prosthesis quickly. Three types of terrains were set up in the lab: a 15-feet level-ground pathway, five-step staircase with a level platform, and 10-feet ramp with a level platform. The initial length of the platform for the stair and ramp was 2.5 feet long; a longer platform (6 feet) was later used so that more steps can be made on the platform. In each experiment, a subject was instructed to perform three types of trials. 1) Level-ground trial: the subjects initiated level ground walking from a standing position, stopped at the end of the pathway, made a turn, and walked back to the starting location along the same pathway. 2) Stair trial: the subjects initiated walking on the level ground on a 6-feet-long walkway, ascended stairs, walked on the platform, and returned back to the starting location along the same path. 3) Ramp trial: the subjects initiated the level ground walking on a 6-feet-long walkway, ascended the ramp, walked on the platform, and returned back to the starting location along the same path. In the ramp trials, 6-7 continuous steps for ramp ascent and descent were made. Each type of trial was repeated 15 times. To ensure safety, subjects were allowed to use hand railings on the ramp and stair. Rest periods were permitted between trials to avoid fatigue. Moreover, another experiment was conducted on TF09 when he wore a tethered, powered knee, prototyped in our lab (see Fig. 1 ) [7] . Finite-state impedance control (i.e. prosthesis intrinsic control) was implemented on a PC [5] , [6] , [11] . Before this experiment, TF09 received five therapist-guided training sessions to adapt to the powered device and produce consistent walking pattern on the level ground, stair, and ramp. During the experiment, the similar protocol was adopted, except that each type of trial was repeated ten times due to the limitation of experimental duration. In addition, in order to change locomotion mode smoothly, the prosthesis control mode was switched manually by an experimenter via the console PC.
Five locomotion modes and four mode transitions were investigated. The locomotion modes were 1) level-ground walking, 2) stair ascent, 3) stair descent, 4) ramp ascent, and 5) ramp descent. The mode transitions were level-ground walking to 1) stair ascent, 2) stair descent, 3) ramp ascent, and 4) ramp descent. Note that the data collected during turning and gait initiation/termination were not used in this study because our intention was to use the prior knowledge of walking environment to enhance the accuracy for classifying ambulation patterns. Accurately recognizing turning and gait initiation/termination can be achieved based on EMG signals or intrinsic mechanical measurements [10] , [11] , [13] . In addition, since the initial terrain setup in the laboratory did not have enough platform length, the experiments on TF01-05 did not provide enough data to capture transitions from walking to stair descent and ramp descent. Hence, only the data recorded from TF06-09 were used to study the performance of mode-recognition system in transitions.
C. Locomotion-Mode-Recognition System
1) Architecture of the Locomotion-Mode-Recognition
System: The detailed architecture of our locomotion-moderecognition interface based on neuromuscular-mechanical fusion has been previously reported [16] . In this study, EMG signals recorded from the residual limb and mechanical data recorded from the prosthetic pylon were preprocessed and segmented into sliding analysis windows 150 ms in length with 12-ms window increments. Features were extracted from each signal in each analysis window. Four common time-domain features (mean absolute value, number of slope sign changes, waveform length, and number of zero crossings [25] ) were extracted from EMG signals. For mechanical loads, the maximum, minimum, and mean values of each DOF were used as features. The features from each signal were fused into a feature vector for each analysis window. This feature vector was sent to a phase-dependent pattern classifier, which consisted of a gaitphase detector and subclassifiers corresponding to individual gait phases [13] . In this study, four gait phases were defined: initial double stance, single stance, terminal double stance, and swing. The gait-phase detector identified the phase and switched on the corresponding classifier. The activated classifier determined the locomotion mode based on the input feature vector.
2) Classifier Training and Testing Procedures: Each feature vector was labeled with a gait phase and a class index (i.e., the locomotion mode) [16] . The gait phase was determined by gait events (toe-off and heel-contact) detected by foot switches (Pedar-X, Novel Electronics Inc., Munich, Germany) attached under both feet. All features labeled with the same gait phase were grouped together for analysis, resulting in four groups of features corresponding to four gait phases. To ensure classifier precision, leave-one-out cross-validation [26] was used to train and test each subclassifier. These classifier training and testing procedures were conducted on the data of each experiment separately. Therefore, the intent-recognition system trained and tested by the data collected when TF09 wore a powered device was different from that derived from when he wore a powered prosthesis.
3) Evaluation Parameters for Locomotion-Mode Recognition:
The performance of the locomotion-moderecognition system in mode transitions was evaluated separately from the performance in static states because a mode transition was usually a dynamic process involving one or more steps [16] . Transition period was defined from the initial prosthetic foot contact before switching the negotiated terrain and terminated at the end of single stance phase after the transition (see Fig. 2 ). The output decisions in this one-and-a-half stride were sufficient to quantify the system performance in a locomotion-mode transition. The static state was the period when the subjects continued performing one type of mode.
System performance in static states was evaluated by the classification accuracy (CA) for each individual class i(I = 1-5), defined as the percentage of correctly classified observations out of the total number of observations within that class
Number of correctly classified testing data in class i Total number of applied testing data in class i
For transitions, system performance was evaluated by the number of missed transitions and the transition prediction time [16] . A missed transition was defined if incorrect or unstable mode transition was identified in the transitional period. A stable task transition was a correct transition decision recognized for at least 30 decisions without any other transition decisions. To calculate transition prediction time, the critical time T c was defined as the beginning of swing phase right before the subject stepped on a new terrain (see Fig. 2 ). The prediction time T pre was the time between stable identification of a mode transition and the critical time (see Fig. 2 ).
D. Prior Probability Model 1) Applying Prior Knowledge of Walking Terrain to Linear
Discriminant Analysis: Linear discriminant analysis (LDA) is widely used in EMG-pattern-recognition control of artificial limbs [13] , [27] . LDA is derived from Bayes' theorem and two assumptions: 1) the likelihood of a featuref , for each class C i , has a multivariate normal (MVN) distribution, and 2) the feature covariance is the same across all classes; this can be represented as P (f |C i ) ∼ MVN (μ i , ), whereμ i denotes the mean vector of the MVN distribution, and i is an integer from 1 to the total number of classes. The observed feature vectorf is classified as belonging to the class with the largest posterior probability. This is equivalent to assigning the feature vector to the class that maximizes the discriminant function d c i :
where P(C i ) is the prior probability.
In our application, the five classes were the five studied locomotion modes: level-ground walking (C 1 ), stair ascent (C 2 ), stair descent (C 3 ), ramp ascent (C 4 ), and ramp descent (C 5 ). The feature vectorf was extracted from EMG and mechanical signals in each analysis window. All features in the training dataset were used to estimateμ i , i ∈ [1, 5] , and Σ. During classifier testing, each observed feature vector was used to compute d c i for all five classes and was classified into the classC i that satisfiedC i = arg max C i {d c i }, i ∈ [1, 5] . The first two terms in the discriminant function (2) depend on the pattern of EMG and mechanical signals, and the last term depends on the prior probability. In previous EMG pattern-recognition systems based on LDA, equal prior probabilities have been assumed for all classes [13] , [27] . However, if the upcoming terrain is known, a uniform distribution of P (C i ) is inappropriate. For example, given that a person is walking on level ground toward a staircase, the probability that this person will perform stair ascent or level-ground walking in the next step is higher than for other tasks. Therefore, environmental information can be easily integrated into the discriminant functions of LDA by adjusting the prior probabilities. This allows the locomotionmode-recognition system to adapt to the environment. It should be noted that in this study, the environmental information was simulated in order to find the optimized parameters for the prior probability models.
2) Modeling Prior Probability: If the terrain in front of a user is known, the prior probabilities of his/her locomotion modes during ambulation are partly known. In order to obtain a complete and detailed estimate of prior probabilities, monitoring human locomotion modes and walking environments in daily life is needed. This approach is called an informative prior model [28] , [29] and requires tremendous resources for data collection and analyses. Another approach called an uninformative prior model is often used when vague or incomplete information is available [30] [31] [32] . In this study, a prior model based on the principle of maximum entropy [30] , [33] , [34] was used because of its common application for finding uninformative prior probabilities [30] and obtaining prior probability distributions for Bayesian inference [34] .
The principle of maximum entropy states that the probability distribution that best demonstrates the current state of knowledge is the one with the largest information entropy. For a general discrete case, the quantity C can take values in {C 1 , C 2 , . . . , C n } [33] . The entropy H of the probability distribution P (C i ) is defined as
The available information on C places a set of linear constraints on the probability distribution P (C i ) as in the following equations:
In (5), m denotes the number of linear constraints, f k (C i ) are the functions of C i in the kth constraint, and F k is the expected value of function f k (C i ) in the kth constraint. The probability distribution P (C i ) with the maximum information entropy subject to m + 1 constraints [33] is
where
The parameters λ k in (6) and (7) are Lagrange multipliers that are determined by
In our case, the prior probabilities of locomotion modes are modeled separately in two situations. The first situation is when no terrain change is detected. Assume that the current locomotion mode of a subject is C 1 , and no upcoming change in walking terrain is detected by some terrain recognition system. The prior probability that the subject will continue to perform C 1 is higher than that of all other modes (i.e., P (C 1 ) > P (C i ) , i = 2, 3, 4, 5). This prior information can be described as
where a i−1 > 0 and is a constant. Therefore, one constraint function (10) can be obtained from (9) as follows:
If this constraint function is compared to the general constraint equation in (5), we see that n = 5, m = 1, f 1 (C 1 ) = 4, f 1 (C 2 ) = f 1 (C 3 ) = f 1 (C 4 ) = f 1 (C 5 ) = −1, and F 1 = a 1 + a 2 + a 3 + a 4 . According to (6)- (8), the probability distribution with the maximum information entropy is
That is to say, the probabilities for C 2 -C 5 are identical and the differences between P (C 1 ) and P (C i ) (i = 2, 3, 4, or 5) are the same (i.e., a 1 = a 2 = a 3 = a 4 = a, where 0 < a < 1). Since 5 i=1 P (C i ) = 1 according to (4) , the prior probability model in this situation was defined, as shown in Table II (a). The high-level prior probability was assigned to the current locomotion mode, while the low-level prior probability was assigned to the four other locomotion modes. The second situation is that a terrain change in front of a walking person is detected. Say that the current locomotion mode is level-ground walking (C 1 ), and there is a staircase in front of the subject at time t. It is most likely that the subject will perform stair ascent (C 2 ) or level-ground walking (C 1 ) in the next step (high-level probability); it is very unlikely that the subject will perform stair descent (C 3 ) or ramp descent (C 5 ) (low-level probability); and it is possible that the subject will perform ramp ascent (C 4 ) (medium-level probability), if we assume that there is a possibility that the terrain recognition system mistook a ramp for a stair. Based on this prior knowledge, we could derive constraint functions following similar steps as described previously for the first situation. In order to maximize entropy, the prior probabilities in the same probability levels should be equal. The difference between high-level and medium-level probabilities is defined as the constant b, and the distance between mediumlevel and low-level probabilities is defined as d. The prior model for the situation when a terrain change is detected is shown in Table II(b). 3
) Simulation and Optimization of Prior Probability for Locomotion-Mode Recognition:
The parameter a i in the prior probability model [see Table II (a)] must be optimized in order to 1) improve classification accuracy when the prior knowledge is correct and 2) maintain system performance when the prior model is incorrectly applied. The latter condition is necessary because environmental information can be noisy in real applications. In other words, the prior probability should be optimized to assist in decision-making without dominating information obtained from EMG and mechanical signals.
In the optimization procedure for a i , the simulated prior knowledge was applied to the data collected in static states because it was very likely no terrain change was detected in static states. The data collected from individual subjects who wore a hydraulic passive knee were randomly separated into two parts. One part was used to optimize the parameters in the prior probability model; the other was used to test system performance. Additionally, the data recorded from TF09 when wearing a powered device were only applied to test the system based on the optimized prior probability models. Objective functions were formulated for each class C k (k = i) as
In (13), CA k uniform denotes the accuracy for identifying class C k when the prior probability has a uniform distribution (i.e., no prior knowledge is applied), a i,k is the a value of the prior model for class C i that is incorrectly applied to class C k , CA k,i (a i,k ) is the accuracy for identifying class C k when the walking environment was modeled for class C i , and c is a threshold value. The threshold c was chosen to satisfy two criteria: 1) if the prior probability for C k was correctly applied, CA k was significantly higher than CA k uniform [P < 0.05, one-way analysis of variance (ANOVA)]; and 2) if an incorrect prior probability was used, CA k was not significantly affected (P > 0.05, one-way ANOVA). To compute CA k,i (a i,k ), we simulated the worst case scenario, in which an incorrect prior model for C i was applied to the entire static state of locomotion mode C k . We then searched the a values from 0 to 1. The largest value that satisfied the objective function was considered the optimal value for a i,k in order to also maximize the classification accuracy when the applied prior knowledge was correct. The optimized a i can be derived by
These optimized a i values were the same for all subjects, but were different across classes.
Similarly, the parameters b and d for the prior probability model in Table II (b) were optimized to balance the system performance under two conditions: 1) the prior knowledge of detected terrain change was accurate, and 2) the prior knowledge was inaccurate. To simulate these two conditions when the terrain change was detected, we assumed that prior knowledge of the terrain change was obtained one stride before the transition period began. Therefore, the three-level prior probability model for transitions was applied to the LDA classifier from the beginning of the last gait cycle before the transition period to the end of single limb stance after the transition. When simulating incorrect terrain change, the prior models for level-ground walking to stair ascent and level-ground walking to ramp ascent were incorrectly applied to each other; and the prior models for level-ground walking to stair descent and level-ground walking to ramp descent were incorrectly applied to each other. This was because these transitions were easily confused with each other when the uniform distribution of prior probability was used [16] . To achieve stable performance during transitions that was important for reliable and safe prosthesis control [35] , two additional parameters were used to optimize the prior probability model: 1) the number of error pulses and 2) the longest duration of error pulses in one transition (see Fig. 2 ). Half of the experimental trials of TF06-09 who wore the passive device were randomly selected to optimize the parameters b and d. The optimization criteria were as follows.
1) When the prior knowledge was correct, the optimized values of b and d minimize the number of missed transitions, the number of error pulses, and the longest time duration of error pulses simultaneously. 2) When the prior knowledge was incorrect, the optimized values of b and d did not yield additional missed transitions as compared use of a uniform distribution of prior probability. The first step of optimization procedure was to search combinations of b and d that satisfied criteria (2) . Second, among the selected combinations, the ones that further minimize the number of missed transitions when the simulated prior knowledge was correct were identified. Then, the number of error pulses and durations derived from these combinations were obtained. One combination of b and d that minimize the number of error pulses and one combination that minimize the pulse duration were identified. If these two combinations were the same, this combination of parameters was selected as the optimal one. If the two combinations were different, the combination that yielded a larger high-level prior probability was selected because the decision-making process in mode-recognition system can benefit more from such a selection when correct prior knowledge was applied. After obtaining optimized parameters, we tested the design using the other half of the transitions recorded from TF06-09 who wore the passive devices and all the transitions recorded from TF09 when he wore the powered prosthesis. The performance of the locomotion-mode-recognition system was compared among the following conditions: 1) when the prior probability was uniformly distributed, 2) when correct prior knowledge was used, and 3) when incorrect prior knowledge was used.
III. RESULTS
A. Optimal Prior Probability Models
Increasing the optimization threshold c in the objective function (13) resulted in an increased value of a in the prior model [see Fig. 3(a) ] and, therefore, had different effects on system performance. When c (and therefore a) increased, the classification accuracy for each class improved when the applied prior knowledge was correct but decreased when the applied prior knowledge was incorrect [see Fig. 3(b) ]. Because the selected value for c was required to significantly improve classification accuracy when the model was correctly applied, but not significantly decrease accuracy when the model was incorrectly applied, the selected value of c was required to be between 4% and 8% [see Fig. 3(c) ]. In this study, c was set to 6% for all classes to optimize the prior probability model [see Table III (a)] because this median value was more robust to satisfy both criteria in the optimized range.
For transitions, combinations of two parameters, b and d, were first chosen so that the system with false prior knowledge did not miss additional transitions compared to the system without prior knowledge. When the correct prior knowledge was used, the number of missed transitions was eliminated as the value of b or d increased. Hence, within the previously chosen combinations, the ones that further eliminated the missed transitions were selected. Finally, based on Fig. 4 , both the number and the longest duration of error pulses decreased when the value of b or d increased (see Fig. 4 ). Therefore, a unique combination of b and d can be determined from the previous selected ones to simultaneously minimize the number of error pulses and the longest duration of error pulses. This combination of b and d Fig. 3 . Influence of the objective function on the optimized prior probability models and their performance for locomotion-mode recognition in static states. (a) Effect of the optimization threshold c in the objective function (13) on the a value in the prior probability model. (b) Comparison of the accuracy for classifying level-ground walking without using prior knowledge, with correctly applied optimized prior knowledge model, and with incorrectly applied prior models when the value of c varies. (c) Influence of c on the P-value in a oneway ANOVA of classification accuracy. The P-values in gray lines were derived from comparison of the accuracy without using prior knowledge (uniform prior probability) to the accuracy with incorrectly applied prior knowledge. The Pvalues in black lines were derived from comparison of the accuracy without using prior knowledge to the accuracy with correctly applied prior knowledge. The statistical analysis was conducted on the classification accuracy of each class obtained from all the subjects. P < 0.05 means a statistically significant difference between studied conditions. P = 0.05 is highlighted in the plot. satisfied the two optimization criteria and was used to obtain the optimized prior probability for transitions [see Table III(b)] .
B. Influence of Prior Probability Models on Locomotion-Mode Recognition
The other half of the datasets collected from all the subjects when wearing passive device along with all the data of TF09, who used powered prosthesis, were used to quantify the influence of the optimized prior models on mode-recognition system. When the optimized prior models were correctly applied in static states, the accuracy for classifying each mode, when averaged across all the experiments, increased significantly by Fig. 4 . Influence of parameters b and d in the prior probability model for transitions on (a) the number of error pulses and (b) the longest duration of error pulses. The presented number of error pulses and the longest duration of error pulses were averaged over subjects.
3.1-6.7% (P < 0.05) (see Fig. 5 ) as compared to the accuracy derived from the classifier without prior knowledge. When false information was simulated, the classification accuracy for each mode decreased by 3.1-5.4%; however, this difference was not statistically significant (P > 0.05) (see Fig. 5 ). The "red crosses" in Fig. 5 indicate the accuracy derived from TF09 when wearing the powered device, which were comparable to the results derived from the subjects who wore passive devices.
During transitions, correct prior knowledge impressively assisted the prediction of mode transitions. When no prior knowledge was applied, there were nine missed transitions out of the 120 transitions tested when TF06-09 wore hydraulic prostheses and two missed transitions out of the 40 transitions tested when TF09 wore the powered prosthesis. Impressively, the correct prior knowledge simulated one step before the transitions eliminated all the missed transitions. In addition, the correct prior knowledge yielded more stable decisions and therefore earlier prediction of mode transitions (see Table IV ). Wherein, the transition prediction time derived from TF09 when he wore the powered device was comparable to the results derived from the subject wearing passive devices. Finally, when false prior knowledge was applied during the transitions, although the stability of decision-making for classifying locomotion modes decreased, the system only produced one more missed transition than the classifier without prior knowledge.
IV. DISCUSSION
We have presented a new bioinspired concept to enhance the performance of a locomotion-mode-recognition system by introducing prior knowledge of the walking environment. Our previously developed interface was based on EMG measured from amputee subjects and mechanical signals recorded from artificial legs. In this study, information about the walking terrain ahead of the prosthesis user was modeled as a prior probability and integrated into a Bayesian-based classifier, allowing the system to adapt to the walking environment. When correct environmental information was simulated, the accuracy of the adaptive locomotion-mode-recognition system for identifying each studied walking mode in the static states significantly improved compared to the system without prior knowledge. In addition, with the anticipation of change in walking terrains, the stability of decision-making during mode transitions was increased, resulting in zero missed transitions and an early prediction of mode transition. This outcome was desirable for allowing orthosis or prosthesis users to switch locomotion modes smoothly and safely in practical application.
It is noteworthy that our design intention was to model and apply prior knowledge of the walking environment to assist rather than replace the recognition of the user's locomotion mode based on EMG and mechanical signals. This is because environmental information does not directly represent the user's intent, although it can guide the user's locomotion. Our simulation results supported this design objective. First, when the worst case scenario was simulated, in which false information of walking environment was applied to all the testing data, the accuracy for classifying each mode and mode transition was not significantly impacted. Second, although the prior information was applied one stride cycle before the mode transition period, a change in system output did not happen until the transition period. This means that recognition of the user's intended task transition was initiated by altered patterns of EMG signals and biomechanical measurements rather than the change of walking terrain. In addition, these results revealed that our system is robust to noisy and imperfect sources of prior knowledge of the walking environment.
One of the important contributions of this study was that for the first time, we demonstrated the performance of neuromuscular-mechanical fusion for recognizing the user's locomotion mode when an amputee donned a powered artificial leg. Since the powered knee redefined the dynamics of TF09, he needed several training sessions to adapt and learn how to walk on the new device. After adapting to the powered prosthesis, TF09 presented different gait pattern from that when he wore a hydraulic knee. However, the modified pattern of EMG signals and kinetics did not significantly affect the performance of our designed mode-recognition system (either with or without prior knowledge), compared to the results derived from the subjects wearing passive devices. This is because, regardless of the type of prosthesis used, the TF amputees still need to generate different muscle activation patterns for hip control and biomechanical patterns across locomotion modes. As long as the EMG signals and mechanical loads measured from the user and prosthesis present a consistent pattern within one mode but different patterns across studied modes, the developed neuromuscularmechanical fusion approach should be feasible to accurately recognize the user's locomotion mode. Based on the observation in this study, we believe that the key to determine the performance of our design adaptive locomotion-mode-recognition system is not the type of prosthesis used, but the user's adaptation to the prosthesis for consistent task performances. That is to say, training amputees to use powered artificial legs is critical before applying our designed mode-recognition system for volitional prosthesis control. Therefore, development of an effective amputee training tool and protocol for efficient use of powered artificial legs is one of our important future work.
Although our concept and approach showed promising results in enhancing the performance of a locomotion-moderecognition system for intuitive control of lower limb robotics, several study limitations were also identified. First, our design, which modeled the information of the walking environment as a prior probability, can only be used for Bayesian-based classifiers. Different approaches for integrating the information of walking terrains into the locomotion-mode-recognition system were required when different types of pattern classifiers, such as artificial neural networks, were used. Second, prior knowledge of walking environment was simulated in this study in order to obtain the optimized prior possibility models. Our future work is to understand how the designed prior knowledge models and mode-recognition algorithm handle the real sensed environmental data. We plan to develop and evaluate an environment-aware locomotion-mode-recognition system by combining the adaptive mode-recognition algorithm presented in this study with a wearable terrain recognition system based on a laser and IMU sensors [10] , which were still under development in our lab. The preliminary testing of this wearable terrain recognition system in the laboratory demonstrated promising accuracy for recognizing level ground, ramps, and stairs one or two steps before the wearer switched locomotion mode [10] . However, this terrain recognition system also presented false detection of terrain changes when the walking environment was complex (e.g., the office environment). By investigating these terrain recognition errors on the environment-aware locomotion-mode-recognition system (optimized based on the worst case scenario) in real time, we can further confirm the feasibility of our proposed concept for volitional control of wearable robots. Finally, we only demonstrated the design concepts on a limited number of locomotion modes and mode transitions for patients with TF amputations. It would be interesting to evaluate the designed environment-aware adaptive locomotion-mode-recognition system on more locomotion-mode transitions and patient populations beyond leg amputees.
V. CONCLUSION
A previously developed system based on fusion of EMG and mechanical signals showed great promise for locomotion-mode recognition. In this study, a new concept was introduced to further enhance the performance of this system by adding prior information about the walking environment. The study results showed that the adaptive locomotion-mode-recognition system with correctly applied knowledge of walking environment significantly outperformed the system without prior knowledge. This study also demonstrated that our designed approach was robust to noisy or faulty sources of prior knowledge. The adaptive algorithm developed in this study could be combined with different terrain recognition technologies to form an environmentaware adaptive locomotion-mode-recognition system that might benefit patients with movement disabilities and help them intuitively operate their lower limb prostheses or orthoses.
